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ABSTRACT
Background: Problematic social media use (PSMU) has received growing attention in the last fifteen
years. Even though PSMU has been extensively studied, its internal structure is not fully understood.
We used network analysis to evaluate which symptoms and associations between symptoms are most
central to PSMU – as assessed by the Generalized Problematic Internet Use Scale-2 adapted for PSMU –
among undergraduates. Method: Network analysis was applied to a large gender-balanced sample of
undergraduates (n 5 1344 participants; M 5 51.9%; mean age 5 22.50 ± 2.20 years). Results: The most
central nodes in the network were the difficulty of controlling one’s own use of social media, the
tendency to think obsessively about going online, the difficulties in resisting the urge to use social media
and the preference for communicating with people online rather than face-to-face. This last element was
strongly associated with a general preference for online social interactions and the feeling of being more
comfortable online. The network was robust to stability and accuracy tests. The mean levels of
symptoms and symptom centrality were not associated. Conclusions: Deficient self-regulation and
preference for online communication were the most central symptoms of PSMU, suggesting that these
symptoms should be prioritized in theoretical models of PSMU and could also serve as important
treatment targets for PSMU interventions.
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INTRODUCTION
The rapid growth in the popularity of social networking sites (SNS) has led to various
empirical investigations on the potential benefits of their use, including the capacity to
overcome permanent real-life issues (e.g., physical disabilities) and age- or work-related
barriers (e.g., geographical distance to family members). Despite the various advantages of
SNS, some authors in the past have raised the possibility that frequent SNS use might
represent a technological addiction, i.e., a nonchemical (behavioral) addiction involving hu-
man-machine interaction (Griffiths, 1995), with women being more likely to exhibit prob-
lematic use than men (Su, Han, Jin, Yan, & Potenza, 2019). Griffiths (2005) has argued that
repeated behaviors that are characterized by salience, mood modification, tolerance, with-
drawal, conflict, and relapse should be defined as addictive. Some authors (e.g., Shaffer, Hall, &
Vander Bilt, 2000) argue against this perspective by suggesting that an excessive use of SNS
might be an expression of a pre-existing psychopathology (e.g., social anxiety or depression)
rather than a primary disorder. Some others recommend a systematic assessment of the
motivations to use SNS frequently. According to this perspective, excessive SNS use might
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Panova, 2017; Kardefelt-Winther, 2014). Moreover, various
authors argue that there is a need to clarify the specific be-
liefs, emotions, motivations or behaviors that characterize
unregulated uses of substances or objects, in order to identify
the pathways towards different addictive behaviors. Within
this perspective, a number of studies (e.g., Assunç~ao &
Matos, 2017; Casale & Fioravanti, 2017; Fioravanti, Flett,
Hewitt, Rugai, & Casale, 2020; Marino, Vieno, Altoe, &
Spada, 2016) adapted the cognitive-behavioral model of
problematic Internet use (Caplan, 2002, 2010; Davis, 2001) to
the field of problematic SNS use (PSNS). Accordingly, the
key symptoms of PSNSU are a preference for online social
interactions (POSI), the motivation to use social media for
mood regulation, deficient self-regulation of one’s own use of
social media, and negative outcomes arising from such use.
POSI refers to the belief that online social media relation-
ships are more secure, comfortable, effective, and less
threatening than face-to-face interactions (Caplan, 2003).
Mood regulation refers to the use of social media to reduce
negative emotions (e.g., anxiety, feelings of isolation). Thus,
social media use would act as a dysfunctional regulator of
emotions. Deficient self-regulation is conceptualized as a
construct that includes two different but closely related di-
mensions: cognitive preoccupation and compulsive use.
Cognitive preoccupation refers to obsessive thinking patterns
related to social media use, and compulsive use refers to an
inability to control or regulate one’s own use of social media.
Last, the model highlights the importance of the negative
consequences of social media use. This dimension refers to
the extent to which individuals experience personal, social,
academic, or professional problems as a result of their
dysfunctional social media use (Caplan, 2010). In this model
of PSNSU, POSI has central importance. It is considered the
cognitive precursor of the use of social media to reduce
negative feelings (i.e. the mood regulation component) and
the inability to regulate one’s own use of social media (i.e. the
deficient self-regulation component). Hence, it is supposed to
be a necessary cause of the development of problematic (i.e.,
unregulated) behavior, but at the same time, it already is a
symptom of PSNSU. Compared to other approaches (e.g., the
conceptualization leading to the development of the Bergen
Social Media Addiction Scale), this model has not been
developed deciding a-priori that PSNSU shares the core
symptoms of traditional addictions (i.e., by merely adapting
the substance addictions criteria, see Billieux, Schimmenti,
Khazaal, Maurage, & Heereen, 2015). Moreover, this model
clarifies the relationships between beliefs, emotions, and
maladaptive behaviors used to handle negative feelings,
providing one of the few empirically-testable model in this
field. Various empirical studies have provided empirical
support for Caplan’s model in the context of social media use
(e.g., Assunç~ao & Matos, 2017; Marino et al., 2017), although
the predictive power of the POSI dimension has been dis-
cussed (e.g., Moretta & Buodo, 2018).
Despite the efforts made in Caplan (2010) and subse-
quent research to identify the most influential elements of
the PSNSU construct, an analysis of the central structure of
PSNSU is still lacking. Many previous researches (e.g.,
Gamez-Guadix, Orue, & Calvete, 2013) have investigated
PSNSU through the latent factor approach. This statistical
perspective conceptualizes psychological phenomena as
unobservable factors composed of single observable ele-
ments (Schmittmann et al., 2013). From this perspective,
single elements have no causal influence on each other, and
they simply reflect an underlying latent factor (Schmittmann
et al., 2013). Hence, this approach cannot fully capture and
articulate the ongoing process among the different aspects of
PSNSU (Dalege et al., 2016; Schmittmann et al., 2013) or
clarify whether some transdiagnostic symptoms of behav-
ioral addiction (i.e., mood regulation, compulsive behavior,
tolerance, and withdrawal) may more important to PSNSU
than others, as suggested by Caplan’s model.
An alternative to the latent factor approach, namely, the
network approach, has been recently developed (Borsboom &
Cramer, 2013) and increasingly used (Contreras, Nieto,
Valiente, Espinosa, & Vazquez, 2019). According to this
approach, the PSNSU construct does not necessarily arise
from latent factors, but it may originate from the reciprocal
action among its observable indicators (i.e., scale items; Dalege
et al., 2016). This is also consistent with Caplan’s cognitive-
behavioral model of problematic Internet use. In this view,
network analysis provides an estimate of the single elements of
PSNSU (i.e., nodes) and determines the relationship of these
elements supposed to be causally connected to one another
(i.e., edges) (Borsboom & Cramer, 2013). The presence of
edges is thought to be a strong link between two elements (i.e.,
symptoms) that are likely to occur (or not occur) simulta-
neously either. Thus, such analysis might provide new op-
portunities to clarify the PSNSU construct since it identifies
the most central nodes and edges functioning as the main
pathways of the network (Marchetti, 2019) The identification
of the core symptoms of PSU would also inform clinical de-
cisions around what targets to pursue, like what has already
been recently done in related fields of clinical psychology. For
example, Levinson et al. (2017) have suggested that fear of
weight gain should be the focus of treatments for bulimia
nervosa as it was the central trait in their network. Huang, Lai,
Xue, Zhang, and Wang (2020) explored the network of
problematic smartphone use and found that loss of control is
the key feature of this phenomenon, thus suggesting that
preventing actions should focus on self-regulation.
The present study aims to investigate the PSNSU via
network analysis. The Generalized Problematic Internet Use
Scale-2 (GPIUS-2) (Caplan, 2010) was used because it rep-
resents the operationalization of the cognitive-behavioral
model of PSNSU, and it was widely used in previous re-
searches to measure PSNSU as a multidimensional phe-
nomenon encompassing a preference for online social
interactions, mood regulation, deficient self-regulation, and
negative outcomes (e.g., Moretta & Buodo, 2018; Fioravanti
et al., 2020). Undergraduate participants were selected
because the vast majority of the research has been conducted
with this population since emerging adulthood is a time of
intense and pervasive social media use (e.g., Jolliff, Moreno,
& D’Angelo, 2020; Kırcaburun et al., 2019; Reer, Festl, &
Quandt, 2020; Shensa et al., 2017; Wong et al., 2020).
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METHODS
Participants and procedures
We used four datasets including 1,355 undergraduate stu-
dents studying at different Italian public universities. Three
out of four datasets were already partially used elsewhere to
investigate (i) differences in the PSNSU levels of grandiose
and vulnerable narcissists (Casale, Fioravanti, & Rugai,
2016), (ii) the association between shame experiences and
PSNSU (Casale & Fioravanti, 2017), and (iii) how mal-
adaptive cognitions might contribute to PSNSU (Fioravanti
et al., 2020). The internal structure of PSNSU was not
investigated by these previous studies. In order to be eligible
to participate, participants were required to be active users of
at least one social media (e.g., Facebook, Twitter, and
Instagram) defined as usage of at least 1 h per day (Varkaris
& Neuhofer, 2017). Data collection consisted of the GPIUS-2
questionnaire, and general information about the purposes
of the study was announced to the participants beforehand.
Participation was voluntary and anonymous, and confi-
dentiality was guaranteed. No formative credits or remu-
nerative rewards were given. Eleven participants were
excluded from data analysis because of missing data that
may have altered the structure of the network (Borsboom
et al., 2017). The final sample consisted of 1,344 participants
(M5 51.9%; mean age5 22.5 ± 2.2 years old; range 18–33).
Respondents reported using social media with an estimate
average of 12.63 h online per week (SD5 13.22).
Measures
The Generalized Problematic Internet Use Scale-2 (GPIUS-2)
(Caplan, 2010) is a 15-item self-administered scale that as-
sesses cognitions, behaviors, and negative consequences that
arise because of the unique communicative context of the
Internet (Caplan, 2010). The questionnaire was developed to
tap the four constructs of Caplan’s revised model already
described in the Introduction section. The participants were
asked to focus on their use of social media sites (i.e., Face-
book, Twitter, and Instagram) to evaluate their degree of
agreement with each item scored from 1 (definitely disagree)
to 8 (definitely agree) (Caplan, 2010). Higher scores on items
indicate higher levels of PSNSU. The majority of previous
studies identify good psychometric properties with a stable
four-factor structure for this scale (e.g., Assunç~ao & Matos,
2017; Barke, Nyenhuis, & Kroner-Herwig, 2014; Caplan,
2010; Gamez-Guadix, Villa-George, & Calvete, 2012, 2013;
Pontes, Caplan, & Griffiths, 2016). The Italian version
(Fioravanti, Primi, & Casale, 2013) has shown psychometric
properties consistent with the original version.
Statistical analysis
Descriptive and preliminary analysis. The mean, standard
deviation, kurtosis, and skewness of GPIUS-2 items were
inspected. The R package psych 1.9.12.31 (Revelle, 2020) was
used. The Italian version of the GPIUS-2 was found to have
several departures from the assumption of multivariate
normality (Fioravanti et al., 2013). Thus, polychoric corre-
lations were estimated via a twofold approach (Epskamp &
Fried, 2018): 1) a threshold function (Muthen, 1984) as a
data transformation function was used (seven thresholds to
accommodate eight answering categories), and 2) the poly-
choric correlations between latent variables were estimated
pairwise (Epskamp & Fried, 2018; Rosseel et al., 2020). This
procedure allows polychoric correlations to be reflective of a
latent normally distributed score (Epskamp & Fried, 2018).
The lavaan 0.6-7 package (lavCor function) (Rosseel et al.,
2020) was applied. The item redundancy test (i.e., two items
“A” and “B” measure the same underlying construct) was
given (Jones, 2020). Pairs of items that showed less than 25%
polychoric correlation statistically significantly different
from all the cases were judged as redundant (Jones, 2020).
Item informativeness was inspected via the mean standard
deviations (MSD). An item below 2.5 SDs of MSD was
considered to be poorly informative (Marchetti, 2019;
Mullarkey, Marchetti, & Beevers, 2019). The R package
networktools 1.2.3 (Jones, 2020) was used.
Network analysis. In accordance with Epskamp and Fried
(2018), the graphical network was estimated with the
Extended Bayesian Information Criterion (EBIC) with the
Least Absolute Shrinkage and Selection Operator (LASSO).
EBIC LASSO network analysis provides a set of nodes cor-
responding to the GPIUS-2 items and edges corresponding
to the link between two nodes (Epskamp & Fried, 2018). The
strength index was used to identify the most central nodes.
The predictability index was assessed to evaluate how much
of each node is accounted for by the neighboring nodes. Blue
edges show positive associations, and red edges show
negative associations. Edges that were more saturated and
thicker indicated a stronger association (Epskamp & Fried,
2018). The R packages qgraph 1.6.5 (Epskamp et al., 2020)
and bootnet 1.2 (Epskamp & Fried, 2019) were used. The
local network properties were tested through the strength
and predictability (Haslbeck & Waldorp, 2018; Valente,
2012). Strength indicates the sum of the absolute weights of
the edge connecting a node to all the other nodes (Valente,
2012). Predictability was the percentage of the variance of a
particular node accounted for by all its related neighboring
nodes (Haslbeck & Waldorp, 2018). In the graphical
network, percentages were displayed via pies around nodes
(Epskamp et al., 2020). The R packages qgraph 1.6.5
(Epskamp et al., 2020) and mgm 1.2-9 (Haslbeck, 2020) were
used.
The associations between informativeness, mean scores,
strength, and predictability were inspected through
Spearman rho correlations. The R package psych 1.9.12.31
(Revelle, 2020) was used. The robustness of the network was
investigated through the correlation stability coefficient (CS
coefficient), nonparametric bootstrapped difference tests for
strengths and edges, and tests of the edge accuracy
(Epskamp, Borsboom, & Fried, 2018). A CS coefficient >
0.50 indicates a stable strength (Epskamp et al., 2018).
Nonparametric bootstrapped difference tests for strengths
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and edges provided plots with gray boxes indicating no
statistically significant difference and black boxes indicating
a statistically significant difference (Epskamp et al., 2018).
The central boxes displayed strength values or thicknesses of
edges (Epskamp et al., 2018). The test of the edge accuracy
provided a plotted curve of the 95% CIs, where larger CIs
indicated lower precision and narrower CIs indicated higher
precision (Epskamp et al., 2018). Differences were consid-
ered significant with 1000-bootstrap 95% nonparametric CIs
that did not contain zero (Epskamp et al., 2018). The R
packages qgraph 1.6.5 (Epskamp et al., 2020) and bootnet 1.2
were used (Epskamp & Fried, 2019).
To examine whether conceptually redundant item pairs
(i.e., items 8 and 4; items 14 and 15; and items 6 and 10)
influence the network structure of the GPIUS-2, the network
model and the local structure indexes were re-estimated
merging the redundant item pairs. Each conceptually
redundant item pairs were merged via mean scores.
Ethics
The study procedures were carried out in accordance with the
Declaration of Helsinki. All subjects were informed about the
study and had to provide a signed written informed consent,
including a privacy protection disclaimer in line with Italian
and European laws on research activities. Approval to
conduct the selected studies was obtained by the Director of
the Department of Psychology of the University of Florence.
RESULTS
Descriptive and preliminary statistics
Table 1 shows the mean, standard deviation, skewness, and
kurtosis of the GPIUS items. The skewness and kurtosis
indices of 7 items ranged outside the values of -1 and 1
(Tabachnick & Fidell, 2014), confirming that the departures
from normality were not acceptable. Thus, a threshold
function was implemented. Table 2 shows the zero-order
polychoric correlations among the GPIUS-2 items obtained
by applying the threshold function. No GPIUS-2 item was
found to be redundant (i.e., < 25% of statistically signifi-
cantly different correlations) or poorly informative (i.e., 2.5
SDs below the mean level of informativeness, MSD 5 1.53 ±
0.31). Hence, all items were included in the network analysis.
Network estimation and local network properties
Figure 1 shows the network model for the 15 items of the
GPIUS-2. Network analysis showed that node #10 (i.e., “I
find it difficult to control my Internet use”), node #11 (i.e., “I
think obsessively about going online when I am offline”),
and node #12 (i.e., “When offline, I have a hard time trying
to resist the urge to go online”) were highly connected with
the rest of the network.
Figures 2 and 3 show the centrality indexes (i.e.,
strengths) of the GPIUS-2 items. Item 10 (i.e., “I find it
difficult to control my Internet use”; strength 5 1.30), item
11 (i.e., “I think obsessively about going online when I am
offline”; strength 5 1.30), item 12 (i.e., “When offline, I have
a hard time trying to resist the urge to go online”; strength5
1.20), and item 3 (“I prefer communicating with people
online rather than face-to-face”; strength 5 1.20) had the
highest centrality indexes (Fig. 3) and were statically more
central than the other nodes (Fig. 2).
The CS coefficient showed a very high value of 0.75,
indicating that the estimated strength was particularly
robust and trustworthy. The predictability of each node
Table 1. The GPIUS2 adapted for social media use: means, standard
deviations, skewness, and kurtosis (n 5 1,344)
Item Wording M SD Skewness Kurtosis
1. Online social interaction is
more comfortable for me
than face-to-face
interaction
2.25 1.59 1.41 1.68
2. When I haven't been online
for some time, I become
preoccupied with the
thought of going online.
2.41 1.64 1.24 0.94
3. I prefer communicating
with people online rather
than face-to-face.
1.87 1.43 2.11 4.65
4. I have used the Internet to
make myself feel better
when I was down.
2.67 1.89 1.12 0.44
5. I have used the Internet to
talk with others when I was
feeling isolated.
2.69 1.88 1.07 0.35
6. I have difficulty controlling
the amount of time I spend
online.
2.91 2.08 0.97 0.08
7. I have missed social
engagements or activities
because of my Internet use.
1.42 1.06 3.47 13.75
8. I have used the Internet to
make myself feel better
when I've felt upset.
2.31 1.71 1.42 1.40
9. I would feel lost if I was
unable to go online.
2.11 1.63 1.71 2.53
10. I find it difficult to control
my Internet use.
2.19 1.70 1.59 1.91
11. I think obsessively about
going online when I am
offline.
1.54 1.12 2.68 8.14
12. When offline, I have a
hard time trying to resist
the urge to go online.
1.81 1.35 2.02 4.17
13. I prefer online social
interaction over face-to-
face communication.
1.76 1.51 2.50 6.18
14. My Internet use has
created problems for me in
my life.
1.52 1.20 2.97 9.37
15. My Internet use has made
it difficult for me to
manage my life.
1.48 1.15 3.12 10.63
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ranged from 0.37 (node #7) to 0.64 (node #10) with 51% of
each node variance potentially accounted for by its neigh-
boring nodes (Mpredictability 5 0.51 ± 0.08). Strength and
predictability were found to be not correlated with item
variability (rs 5  0.01, 95% CI [0.59, 0.61]; and rs 5 0.03,
95% CI [ 0.59, 0.59], respectively) or with the items’ mean
levels (rs 5 -0.02, 95% CI [0.51, 0.54]; and rs 5 0.04, 95%
CI [0.61, 0.57], respectively).
Accuracy and edge comparisons
Figure 4 shows the edge accuracy test. This result indicated
that the precision of the 105 edges was excellent. Thus, the
network model was deemed to be accurate.
Figure 5 shows the nonparametric bootstrapped differ-
ence test for edges. The analysis revealed that six edges were
stronger and statistically significantly different than the
majority of the network edges.
Namely, these six edges were the following: the edge
connecting node #1 (“Online social interaction is more
comfortable for me than face-to-face interaction”) and #3 (“I
prefer communicating with people online rather than face-
to-face”), the edge connecting node #3 and #13 (“I prefer
online social interaction over face-to-face communication”),
the edge connecting node #4 (“I have used the Internet to
make myself feel better when I was down”) and #8 (“I have
used the Internet to make myself feel better when I’ve felt
upset”), the edge connecting node #6 (“I have difficulty
controlling the amount of time I spend online”) and #10 (“I
find it difficult to control my Internet use”), the edge con-
necting node #11 (“I think obsessively about going online
when I am offline”) and #12 (“When offline, I have a hard
Table 2. Zero-order polychoric correlations among the GPIUS-2 items with data transforming via threshold function (n 5 1,344)
Item 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 1.00
2 0.33 1.00
3 0.57 0.32 1.00
4 0.31 0.38 0.33 1.00
5 0.31 0.37 0.29 0.55 1.00
6 0.18 0.39 0.15 0.36 0.27 1.00
7 0.16 0.25 0.30 0.26 0.22 0.26 1.00
8 0.27 0.32 0.27 0.68 0.51 0.32 0.30 1.00
9 0.26 0.44 0.25 0.36 0.32 0.45 0.28 0.38 1.00
10 0.22 0.38 0.24 0.34 0.24 0.66 0.36 0.33 0.54 1.00
11 0.17 0.41 0.24 0.30 0.22 0.34 0.42 0.28 0.47 0.50 1.00
12 0.23 0.44 0.28 0.34 0.30 0.38 0.30 0.31 0.50 0.56 0.63 1.00
13 0.46 0.26 0.57 0.27 0.22 0.16 0.24 0.26 0.21 0.27 0.30 0.31 1.00
14 0.14 0.23 0.22 0.25 0.25 0.26 0.38 0.25 0.22 0.31 0.39 0.31 0.25 1.00
15 0.14 0.20 0.21 0.23 0.17 0.26 0.38 0.25 0.26 0.34 0.43 0.39 0.29 0.61 1.00
11: Online social interaction is more comfortable 
for me than face-to-face interaction.
12: When I haven’t been online for some time,
I become preoccupied with the thought of 
going online.
13: I prefer communicating with people online 
rather than face-to-face.
14: I have used the Internet to make myself feel 
better when I was down.
15: I have used the Internet to talk with others 
when I was feeling isolated.
16:
time I spend online.
17: I have missed social engagements or 
activities because of my Internet use.
18: I have used the Internet to make myself feel 
better when I’ve felt upset.
19: I would feel lost if I was unable to go online.
10:
11: I think obsessively about going online when 
12:
resist the urge to go online.
13: I prefer online social interaction over face-to-
face communication.
14: My Internet use has created problems for me 
in my life.
15:
















Fig. 1. Network model for the 15 items of the GPIUS-2 (n 5 1,344)
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time trying to resist the urge to go online”), and the edge
connecting node #14 (“My Internet use has created prob-
lems for me in my life”) and #15 (“My Internet use has made
it difficult for me to manage my life”) (Fig. 5).
The re-estimated network model with the conceptually
redundant items merged showed properties in line with the
original network (Figures S1–S3). The most connected nodes
well reflected those identified for the original scale (i.e., item
11, item 12, and item 10), and the network structure of the
GPIUS-2 with the conceptually redundant item pairs
merged revealed connections between nodes similar to those
observed in the original structure.
DISCUSSION
Problematic social networking sites use (PSNSU) has been
conceptualized from a variety of theoretical perspectives.
Despite some consensus on its constituent components,
their roles remain a subject of controversy. Little is known
about PSNSU symptoms’ structure and how the symptoms
interact with one another. In the current study, we used
network analysis to extend our understanding of this phe-
nomenon and complement previous research relying on the
latent factor approach.
The first central node was represented by the deficient
self-regulation in terms of difficulties in controlling one’s
own use of SNS (node #10), unsuccessful efforts to resist
when trying (node #12), and obsessive thinking to go online
(node #11). Notably, these high centrality nodes were
strongly associated with each other, highlighting a pathway
of core symptoms that have been supposed to be linked to
deficiency in the reflective-inhibitory prefrontal brain system
as it is implicated in the abilities to actively stop a behavioral
response (He, Turel, & Bechara, 2017). This is a central issue
as the way of determining whether problematic behaviors
need to be considered addictive is to compare them against
clinical and biological criteria for established chemical ad-
dictions (Alavi et al., 2012), and future studies should help in
clarifying neurobiological similarities between PSNSU and
recognized addictive behaviors. The network structure also
revealed that the preference for online communication
(node #3) showed high centrality. Moreover, it also shows a
strong connection with the preference for online social in-
teractions (node #13) and the perception of them as more
comfortable (node #1). Keeping in mind that centrality does
not necessarily imply causality (see Dablander & Hinne,
2019), our findings support that the preference for online
communication may play a particularly important role in
the development of PSNSU. The first main result (i.e., the
high centrality of deficient self-regulation) might be inter-
preted as a commonality between PSNSU and other addic-
tions (i.e., the degree to which PSNSU shares some key
aspects with well-established addictions), whereas the sec-
ond main finding (i.e., the high centrality of the preference
for online communication) seems to highlight the differ-



















Fig. 2. The Generalized Problematic Internet Use Scale-2: strength
scores (centrality) for the 15 items, shown as standardized z scores
(n 5 1,344)
Fig. 3. The Generalized Problematic Internet Use Scale-2:
nonparametric bootstrapped difference test for strength
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These results, as a whole, have at least three implications.
First, they give further support to the cognitive-behavioral
model proposed by Caplan (2010), since his model concep-
tualized the preference for online communication as the key
symptom, defining it as the cognitive precursor of all the
other PSNSU components (i.e., the tendency to use the web
for regulating negative mood states, the compulsive use of the
web, and the presence of negative outcomes in real life).
Fig. 4. The Generalized Problematic Internet Use Scale-2: nonparametric bootstrapped confidence intervals of estimated edges
Fig. 5. The Generalized Problematic Internet Use Scale-2: Nonparametric bootstrapped difference test for edges
Journal of Behavioral Addictions 7
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Second, this result suggests that adapting the substance
addiction criteria to the so-called “new addictions” without
considering its specific symptoms (be them beliefs or be-
haviors) or pathways paints only half of the picture, as
already suggested elsewhere (see Billieux et al., 2015).
Consequently, screening tools that have been developed
simply adapting the traditional substance abuse criteria, such
as the Bergen Facebook Addiction Scale (Andreassen, Tor-
sheim, Brunborg, & Pallesen, 2012) and the Bergen Social
Media Addiction Scale (Andreassen et al., 2016), might fail to
capture some core elements of PSNSU (i.e., the preference for
online communication). This point is of primary importance
considering that the two abovementioned questionnaires are
the most commonly used self-reported measures to assess
Facebook addiction and social media addiction, respectively.
Third, this finding suggests that reducing the risk factors for
the preference for online communication could be a way to
reduce PSNSU. For instance, in keeping with hyperpersonal
theory (Walther, 1996), which argues that CMC’s unique
properties (i.e., diminished verbal and nonverbal cues and an
enhanced probability of impression management) represent
an appealing advantage for those with interpersonal diffi-
culties, previous research highlights that loneliness (Ye & Lin,
2015), fear of negative evaluation (Casale, Fioravanti, Flett, &
Hewitt, 2014), shame experiences (Casale & Fioravanti, 2017)
and narcissistic traits (Andreassen, Pallesen, & Griffiths,
2017) might put a person at a risk for PSNSU.
The preference for online communication (node #3) was
also connected with anxious worrying about being online
(node #2) and missing social engagements/activities (node
#7). This is consistent with the cognitive-behavioral model of
PSNSU (Caplan, 2010) and subsequent empirical studies (e.g.,
Assunç~ao & Matos, 2017; Moretta & Buodo, 2018; de Veiga
et al., 2019) indicating that the preference for online
communication is related to the cognitive preoccupation with
one’s own social media use. Taken together, these pieces of
evidence regarding the second central node expand previous
findings by showing the centrality of the preference for online
communication (node #3) and suggest that this symptom
could be used as a screening indicator for POSI. POSI might
also help in distinguishing between related potential behav-
ioral addictions considering that a very recent study has
shown that the lack of control is the key element in a network
analysis of problematic smartphone use, whilst preference for
online social interactions shows low centrality (Huang et al.,
2020). As our findings on PSNSU are similar with respect to
the first result but different regarding the role of POSI, one
might argue that the preference for online social interactions
might be the fundamental symptom to distinguish between
different Internet use disorders. Future studies should also
clarify whether our results are generalizable or not to specific
SNSs. One might argue that results concerning the high
centrality of the lack of control in one’s own use of SNS
should show high stability because deficient self-regulation is
one of the core symptoms of addictive behaviors. Conversely,
we cannot exclude that other symptoms (e.g., a high need for
self-presentation) might be more central when it comes to
SNSs used solely for photo and video sharing (i.e., Instagram).
Some other results might be of interest. Obsessive
thinking to go online (node #11) was also related to negative
outcomes (nodes #7, #14, and #15). This is in line with
Caplan and High (2006) who reported that the association
between problematic use and negative outcomes is more
pronounced when cognitive preoccupation is present. This
result suggests that even though targeting the central nodes
does not certainly lead to a change in the network structure
(Fried et al., 2018), an effective clinical strategy could be
focusing on obsessive thinking. In line with this, promising
interventions addressing unhelpful cognitive styles (e.g.,
desire thinking, thought suppression, rumination, or worry)
were recently developed in the field of addictive behaviors
(Spada, Caselli, Nikcevic, & Wells, 2015).
It is not surprising that difficulty controlling the amount
of time spent on social media (node # 6) showed low cen-
trality since the literature emphasized that time spent on
social media per se is not an indicator of pathological use
(Caplan, 2003, 2010; Griffiths, 2009, 2010). However, the
distance from the pathway and low centrality of mood
regulation elements (nodes #4, #5, and #8) are in contrast
with the literature (e.g., Lim, Cheung, Kho, & Tang, 2020;
Moretta & Buodo, 2018). his could be explained by the fact
that our sample is composed of healthy subjects who could
have low levels of negative emotions to handle. Another
possible interpretation of our results involves the items
which make up the mood regulation subscale. Two out of
three items assess the motivation to use the Internet to
regulate broad negative emotions (e.g., “I have used. . ..when
I was down” and “I have used. . ..when I have felt upset”,
item 4 and item 8, respectively). One might suppose that
motivation to regulate social emotions (e.g., fear of missing
out, shame, fear of being negatively evaluated, envy) might
be more determinant in explaining the unregulated use of
social networking sites. That is, feeling down or upset might
motivate ad individual to a more generalized (i.e., non-
differentiated) use of the Internet, whilst interpersonally-
based emotions (especially fears) might be involved with
PSNS. Future studies might want to modify the three items
assessing the mood regulation motivation in order to test
whether these elements might show higher centrality than
that found in the current study.
Both node centrality and predictability were not related
to item scores and variability. This is in line with the
network approach, which underlines the need to analyze not
only the mere intensity of elements but also its specific roles
in the network structure (Marchetti, 2019; Mullarkey et al.,
2019). Last, on average, a high percentage (i.e., 51%) of node
variance is explained by the neighboring nodes (i.e., pre-
dictability). Thus, constituent components of PSNSU were
satisfactorily accounted for, in accordance with its unitary
conceptualization (Caplan, 2010).
This study has limitations and strengths. First, the
GPIUS2 items were not modified, even because the GPIUS2
already includes items related to the social aspects of the
Internet (e.g., Item 1: “Online social interactions are more
comfortable for me than face-to-face interactions). Partici-
pants were simply asked to focus on their use of social
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networking sites (i.e., Facebook, Twitter, and Instagram)
when answering the items like what was done in other
studies in this field (e.g., Rothen et al., 2018). Future research
might want to compare the psychometric characteristics of
the GPIUS2 version used in the present study with a
GPIUS2 version with modified items (e.g., by replacing the
words “online” or “Internet” with “SNS; see, for example,
Assunç~ao & Matos, 2017).” Second, healthy young adult
subjects were enrolled. Thus, the results cannot be general-
ized to adolescents, older adults, and clinical populations.
Third, the data were cross-sectional, which limits the ability
to draw directionality among items. This is only an apparent
limitation since the value added by the network analysis
generated several empirically testable hypotheses. Future
research should attempt to clarify the causal/temporal rela-
tionship of PSNSU elements via experimental manipulation
or ecological momentary assessment methods.
The main strength is that network analysis was applied
for the first time to evaluate the central symptoms of PSNSU
through state-of-the-art guidelines (Epskamp et al., 2018;
Epskamp & Fried, 2018). We used a statistical approach in
which PSNSU arises out from the interactions of symptoms.
This process has allowed us to show the network structure
with nodes and edges describing central symptoms (i.e.,
deficient self-regulation and the preference for online
communication), peripherical symptoms (i.e., mood regu-
lation motivation – as assessed by the GPIUS2 –, and
negative outcomes), and their reciprocal relationship. Such
perspective is essential to obtain a better understanding of
the central symptoms of PSNSU, as this is a field of study
that has been characterized by confirmatory approaches
(both theoretically and statistically) in which PSNSU is a
priori considered as an addictive behavior. Through the
network approach, we have shown that the central nodes of
the network address addiction-like symptoms, on the one
hand, and cognitive symptoms that might be peculiar to
PSNSU (i.e., the preference for online communication), on
the other hand.
CONCLUSIONS
In brief, network analysis revealed a central pathway of
addiction-like symptoms, agreeing with all the theoretical
models in the field suggesting some clinical similarities be-
tween PSNSU and well-established addictions (Shapira et al.,
2003; Griffiths, 2013). The current study also shows that the
preference for online communication is among the central
symptoms of PSNSU, and it should be considered a potential
target for treatment. The results also indicated that obsessive
thinking to go online was connected with other addiction-
like symptoms and negative outcomes, thus representing a
potential target for effective psychological interventions.
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